Photoacoustics is a hybrid modality used to image biological tissues. As optical absorption of tissues depends on the wavelength of the transmitted light, multispectral photoacoustic datasets can be obtained by changing this wavelength. This study presents a regularization method to segment multispectral photoacoustic images based on both the spatial and spectral features of the dataset pixels. The proposed processing is adapted from the spatiotemporal mean-shift approach and cluster patterns with similar spectral profiles, i.e., the variation of the received amplitude among the wavelengths, independent of their initial position. The segmentation performance of this method has been experimentally tested on multispectral photoacoustic tomographic data. We initially used a phantom that contained fresh and stale liver samples, and then a second phantom that contained two blood dilutions or a colored absorber. Experimentally, a clustering performance greater than 98% is achieved. This method makes it possible to discriminate between different media, between the same medium as fresh or stale, and between the same medium with different dilutions.
Introduction
Multispectral photoacoustic imaging is a functional method that combines the advantages of acoustic and optical imaging [1] , the principle of which is to illuminate a region of interest (ROI) with a pulsed laser at different wavelengths. Hence, acoustic waves that originate from a temperature increase due to optical absorption can backpropagate from the ROI to a receiving ultrasound probe. Moreover, illumination of a ROI with a range of optical wavelengths allows the study of the spectral profile of the contained media, as their respective optical absorptions will differ from each other depending on the wavelength of the light [2, 3] . For example, oxygenated and deoxygenated blood can be differentiated by their photoacoustic spectral evolution when they are illuminated in the range [600 nm ; 900 nm] [4] . This is of great interest in cancer-related studies, as it can allow differentiation between malignant and benign tumors as part of the follow-up of carcinomas or it can be used to evaluate tissue death [5, 6] .
In past years, unsupervised and supervised segmentation or classification methods have been proposed to automatically discriminate between biological media using multispectral photoacoustic datasets. However, whether they were based on principal and independent component analysis [7] , on spectral fitting [7] , or on leastsquares criteria [8] , these methods essentially relied on the spectral shape evolution rather than on the absolute photoacoustic signal amplitude at each wavelength. Thus, they did not take into account light attenuation or ultrasonic dispersion. This means that a given medium will have different spectral profiles because of the concentration change within the medium that modifies the absorption, the light attenuation within the tissue that impacts differently on the pixels at different depths, and the different target sizes that create ultrasound waves at different frequencies. Consequently, media discrimination in multispectral photoacoustic imaging is a challenging task that requires as many features as possible. [9, 10] presented intra-class correlations using both the spatial neighborhood and the spectral signature of the pixels, but this did not provide the expected performance improvement. In the present study, our aims were (1) to propose a method based on both spatial and spectral features to improve media discrimination using multispectral photoacoustic imaging and (2) to deal with absolute amplitude changes related to concentration differences within a given medium.
To these ends, we adapted the spatiotemporal meanshift (STM-S) approach to our context, which demonstrated good performance for magnetic resonance image clustering by taking into account both spatial and evolutive features [11] . We have already shown some preliminary result on a single experimental dataset [12] , and further to this, we present here an automatic preprocessing pipeline and a deeper study of the parameter choices. Moreover, the quantitative validation is fully explained, and the performance of STM-S is evaluated on several photoacoustic datasets that were acquired from two different home-made phantoms. The first phantom contained two pieces of the same medium that have to be discriminated, one of which was fresh tissue and the other of which was stale tissue. The second phantom contained two different dilutions of the same biological medium, i.e., blood, which corresponded to two different concentrations of oxygen inside these inclusions that could be clustered together or separately, depending on the application. Indeed, it might be important to discriminate different concentrations of a single medium, e.g., to determine the concentration of a contrast agent in the body, and to discriminate a single medium from all other media without considering their dilutions, e.g., to determine the level of vascularization for calculation of the oxygenation rate [13] .
In the STM-S method, which we shall henceforth refer to as the spatio-spectral mean-shift (SSM-S), the required pre-image and post-image processing are presented in the next section. The datasets acquired for each of the phantoms are presented in Section 3. Then, the results are presented and discussed. Finally, the performance obtained is compared to other methods, followed by the conclusions.
Methods

Pre-processing
The first processing step is to discriminate the photoacoustic signals of the absorbing media from the background noise over the imaged region. The background is suppressed by application of a threshold that is related to the gradient calculation from Sobel filtering. The Sobel threshold Th Sobel is computed using Eq. (1), as follows:
where G is the mean of the Sobel gradient magnitude [14] . Further processing thus considers only the region where the pixels have high photoacoustic responses at all wavelengths.
The step that follows is the normalization of the spectral profiles of each pixel of interest, and this is applied only when different concentrations of the same medium are to be merged (i.e., when no discrimination between medium concentrations is needed). Indeed, the spectral shape of a medium is independent of the concentrations of its constituents, while the amplitude depends on these. To consider only the spectral shape without including the amplitude, the spectral profile of each pixel with a photoacoustic signal is normalized as follows.
Let us consider the spectral profile, A ∈ R L , of a given pixel, where A λ l are discrete photoacoustic signal amplitudes that are acquired at the wavelengths λ l , l = 1 · · · L, chosen according to the media for discrimination. To have our tuning parameters invariant of the spectral profile of the media, we first integrate and normalize the amplitudes of A, as:
where A * λ l is the normalized amplitude of A λ l at the wavelength λ l . This processing is applied to all of the pixel spectral profiles A at all of the wavelengths λ l of [ λ 1 ; λ L ]. Thus, full range adaptation is achieved, which allows images in the same amplitude range to always be dealt with. This normalization was preferred to the classical one that uses the maximum, because it allows the noise to be smoothed, whereas the maximum normalization does not.
Applying this normalization step to the data allows different concentrations of a single medium to be merged as a single cluster. On the other hand, using non-normalized data allows discrimination between different concentrations as if they were associated with different absorbing media.
Spatio-spectral mean-shift filtering
Compared to the algorithm used to cluster longitudinal magnetic resonance imaging [11] , this study aims to apply STM-S as the SSM-S. This means handling the spectral profiles of multispectral photoacoustic data instead of the temporal evolutions of longitudinal magnetic resonance images.
The multispectral photoacoustic data came from a sequence of two-dimensional images of a ROI. Each image was acquired at a specific wavelength λ l . Each pixel x i located at a position s i has a spectral profile A i . The N samples x i that are used in the iterative filtering procedure are expressed as shown here:
We introduce the two tuning parameters of the SSM-S approach: R S and R λ . For a given pixel x i , let us consider first its neighboring pixels in the spatial dimension within a radial distance R S (Fig. 1, left) . These pixels x j = s j A j satisfy the equation:
As the spectral profiles of samples of the same medium are close, R λ is fixed as the maximum accepted distance between the spectral profiles of two samples of the same medium. Then, only the pixels that satisfy both constraints (as part of the spatial area defined above and spectrally close to the reference spectrum, and controlled by R λ ) are used for the update, by computing the mean, the position, and the spectral profile of the reference pixel ( Fig. 1, right) . Consequently, these pixels also satisfy:
In Eq. (5), the infinity norm is the most appropriated norm, because it allows pixels with close spectral shapes to be merged even if the amplitudes at each wavelength are not exactly the same. This also allows spectral profiles with large differences in amplitude at a single wavelength to be differentiated, because the spectral shapes of these pixels are then considered to be different. However, different norms can be used, depending on the desired effect. Iteration of the spectral mean-shift algorithm can then be achieved through the following calculation:
where g s s (4) is respected, or it is 0 otherwise, and
it is 0 otherwise. These steps are applied iteratively to all pixels x i of the imaged region X until convergence of the procedure, i.e., stabilization of the featured value throughout the filtering process. Indeed, at each iteration, the shift of each updated pixel during the regularization process is calculated. The algorithm stops when the sum of all of these shifts becomes lower than a pre-defined threshold.
The result of this SSM-S algorithm can easily be used to segment the imaged region. Indeed, even if the result contains too many clusters compared to the desired result, all of the pixels with close spectral profiles are labeled together.
The main advantage of mean-shift spatial regularization is that two areas of the imaged region can be merged into the same cluster even if they are spatially distant, as long as their spectral profiles are close. Moreover, this helps two nearby pixels to be clustered together even if their spectral profiles have small amplitude or shape differences. Indeed, the same medium might be present at different locations within the imaged ROI, and two close pixels are likely to belong to the same medium.
Post-processing
Different areas of the same medium characterized by the same absorption coefficient will produce spectral profiles that have the same shape but that have different amplitudes. This latter effect is due to light attenuation and ultrasonic dispersion in the medium. Then, with Fig. 1 The spatio-spectral mean-shift principle. Pixel spatial features at the first iteration with the R S parameter (left) and spectral profiles of three pixels with the R λ parameter (right). The red pixel is the reference pixel. Although the green and blue pixels are both in the spatial area of the reference pixel, only the green pixel is used to update the features of the reference. Indeed, the spectral profile of the blue pixel is not close enough to the spectral profile of the reference sample (by at least one wavelength; the blue and red pixels are separated by a distance greater than R λ ) SSM-S, a medium is represented by more than one label. This is due to the strong amplitude differences between these labeled spectra, which are obtained even if their shapes are similar. Here, only the P largest labeled areas will be kept, while P is chosen depending on the number of media to be discriminated. The other pixels will be kept unlabeled. Thus, the labeled areas will correspond to the different media to be discriminated. To reduce the number of labels, post-processing based on spatial features only is applied in the nearest neighbor manner. The sets of C labeled pixels and N − C unlabeled pixels can be referred to as Y = {y i } i= [1;C] and U = {u j } j=[1;N−C] , respectively, with:
where c i ∈ R is the associated label of a pixel x i . For each unlabeled pixel u j ∈ U, the closest spatial pixel y i * in Y is then found, and c j takes the value of its corresponding index c i * , as follows:
The post-processing then allows the number of clusters to be reduced, with only the most representative ones kept. Indeed, the unlabeled pixels are clustered with one of the kept labels, considering only the spatial features, i.e., an unlabeled pixel is clustered with the spatially closest SSM-S cluster that is kept.
Quantitative validation
First of all, a ground truth is needed to evaluate the proposed method. The first threshold applied in the processing steps (Fig. 2) is used to create a binary mask. The background pixels are set to zero, while the others, i.e., which belong to different media, are equal to one. After labeling the connected components, counting the pixel population of each region in the reference mask is trivial. Secondly, two quantitative measures are used to determine the quality of the results of this method: the Dice similarity coefficient (DSC) [15] and the percentage of well-clustered pixels, where its value is named WCP. These are compared in the evaluations here.
The number of well-clustered pixels is counted after the post-processing step. Thus, the WCP is expressed relative to all of the pixels to cluster. To compute this criterion, a pixel merged with the background is considered as well clustered. With this strategy, the WCP range from 0 to 100%, i.e., from "no well-clustered pixels" to "perfect segmentation. " With regards to the DSC, the measure will range from 0 when no pixel is correctly labeled to 1 for a perfect result.
The difference between both of these performance calculations is that the DSC will drop together with the number of pixels clustered as background, while it is not considered as a penalizing factor when computing the WCP. Thus, the DSC will always be inferior or equal to the WCP with respect to their result scales. Moreover, the aim in our evaluation was to determine whether or not the method can be used to discriminate between different media without considering the background. Consequently, with the DSC being more restrictive than the WCP, this might appear less appropriate for the targeted application.
The different processing steps described in Section 2 are summarized in Fig. 2. 
Materials
Experimental setup
Both of the experimental datasets used in this study were acquired at the University of Macau (People's Republic of Macau, China) with the multispectral photoacoustic tomography acquisition setup presented in Fig. 3 [16] . The optical excitation was a Nd:YAG laser pulse with a duration of 6 ns, coupled to an optical parametric oscillator. The ultrasound transducer had a central frequency of 1 MHz and was immersed in water together with the phantom. The laser highlights the top of the phantom, and the ultrasound transducer acquires photoacoustic signals all around the cylindrical phantom at one depth [16] . Moreover, to acquire signals with enough photoacoustic energy, the absorbing media are set particularly close to the surface and the slice of interest that is to be acquired by the ultrasound transducer is also close to the surface, which thus avoids too much optical energy diffusion (Fig. 3) .
Recognition of the same fresh and stale medium
The first phantom used in this study was a cylindrical polyvinyl alcohol phantom (diameter, 4.5 cm) with two inclusions of liver tissue of approximately 4 mm in size (Fig. 4a) . One inclusion was fresh liver tissue (upper, triangular shape), and the other was stale liver tissue (i.e., after 12 h in ambient air; lower, rectangular shape). This phantom was chosen to assess the discrimination ability of our method when two media show different, but close, spectral profiles. Indeed, [6] reported that photoacoustic biological tissue signals still evolve over time after death (from alive to 1 day after death). The phantom was then created with fresh liver (directly from the fridge) and a sample of the same fresh liver after 12 h in ambient air (mimicking the photoacoustic evolution of [6] ). The images were acquired for laser wavelengths from 700 to 900 nm (Fig. 4b) , with 25-nm steps. The spectral profiles of several pixels within the inclusions are shown in Fig. 4c . The overlap of the different pixel profiles included shows how challenging the segmentation is. 
Discrimination between different medium concentrations
The second phantom used was also a cylindrical polyvinyl alcohol phantom (diameter, 4.5 cm) but here with three 4-mm-diameter cylindrical inclusions (Fig. 5a ). Two inclusions were filled with blood at two different dilutions, corresponding to two different concentrations of oxygen inside these inclusions, and one was filled with diluted black China ink (upper right). This phantom was chosen to test the performance of our method for the discrimination of two media with close spectral profile shapes and clearly different amplitudes, which corresponds to the photoacoustic signal properties of one medium at different dilutions [17] . Here, a 0.5 dilution factor was used to test our algorithm on the two absorbing media with reasonable amplitude difference spectra. The dataset was acquired at eight different wavelengths from 700 to 910 nm (Fig. 5b) , with 30-nm steps. The spectral profiles from the pixels selected within the inclusions can be seen in Fig. 5c (upper profiles). Figure 5c (lower profiles) also shows the same spectral profiles after normalization, where both blood inclusion spectral profiles are similar (which was not the case without normalization), while the ink inclusion spectral profiles are still slightly different. Again, there is overlap between the inclusion profiles. Indeed, in all cases, the inclusion boundaries and their centers have lower photoacoustic signal amplitudes, mainly due to light attenuation.
Results
The processing steps are shown here initially only with reference to the blood dataset. Then, the results from these two different types of discrimination are presented.
The first results show the feasibility of discriminating between fresh and stale samples of the same medium.
The second results are related to the discrimination or merging of different concentrations of the same medium. The multispectral photoacoustic data were taken through pre-processing, followed by the SSM-S algorithm and post-processing, as presented above. The values of the parameters used for each dataset are summarized in Table 1 .
Pre-processing thresholding
The thresholding step allows suppression of the background noise, as shown in Fig. 6a . For this dataset with the blood and ink inclusions, the pre-processed threshold allowed suppression of all values under 18% of the maximum photoacoustic signal amplitude detected over the dataset. The normalization step can be performed if the discrimination between concentrations is not needed. As this is a facultative step, it is not shown in Fig. 6 .
Resulting SSM-S map and post-processing
As explained above, the resulting SSM-S map using R λ and R S of 15 a.u. and 19 pixels, respectively (Fig. 6b) , has more clusters than the expected number for this dataset because of light attenuation and diffusion. To remove unnecessary clusters, only the three largest (P = 3) resulting SSM-S clusters are maintained (Fig. 6c) . Then, the unlabeled pixels of Fig. 6c (in black) are clustered with the spatially closest cluster that is kept. Here, the black pixels then become white or yellow, depending on the inclusion (Fig. 8d ).
Discrimination between fresh and stale tissues
When there is the need to discriminate between fresh and stale tissues, the normalization step is not used. Indeed, these fresh and stale media would be merged if normalization was carried out, because the shapes of the fresh and stale liver tissue spectral profiles are similar (Fig. 4c) . In this case, by setting R λ = 20 a.u. and R S = 25 pixels, there is discrimination between the fresh and stale liver tissues (Fig. 7d) . In the present case, the WCP is then 100% and the DSC is 0.87. These scores of the WCP and DSC mean that the segmentation is perfect considering the important task of this clustering method. Indeed, the DSC does not reach its maximal score, which is 1.0, only because some pixels at the inclusion boundaries are clustered with the background.
Discrimination between concentrations
Using the dataset obtained from the analysis of the three cylindrical inclusions (i.e., two dilutions of blood and diluted China ink), the above processing steps are performed with R λ = 19 a.u. and R S = 15 pixels. Normalization is applied only when the different concentrations of the same medium are to be merged, i.e., the different oxygen concentrations in the two blood inclusions. The number of clusters that were kept during the postprocessing, P, is then set to 2 or 3 when normalization is or is not performed, respectively. Figure 8c presents the segmentation map for when normalization is applied. With this strategy, the WCP is 98% which is close to the maximal score. Indeed, the two inclusions of the different blood dilutions are well segmented in the same cluster by the algorithm. Only some pixels at the blood inclusion boundaries are misclassified and are instead classified with the ink cluster, because they have low photoacoustic signal amplitudes. As no pixel is classified with background, the DSC is 0.98, also giving a result that is close to the expert reference.
Alternatively, not using the normalization step allows discrimination between the different oxygen concentrations of the blood of this phantom. The corresponding segmentation map is shown in Fig. 8d . Here, a few pixels at the bottom of the inclusion boundaries are segmented with the ink inclusion, again because of their low photoacoustic signal. However, the segmentation with discrimination between concentrations achieves a WCP of 99% (i.e., close to the best score). Here, some pixels at inclusion boundaries are clustered with the background, which leads to DSC of 0.97, which is still a high score. The settings used for the two parameters R S and R λ were also investigated. These results are shown in the blood and ink dataset when normalization was carried out to merge these two dilutions of blood (Fig. 9) . The pixels clustered with the background are considered as well clustered in Fig. 9 . It can be seen that with very small R λ (i.e., where too many clusters are created) or very large R λ (i.e., where the two media are clustered together), the performances decrease. However, the range where R λ is well adapted to the data is large enough (i.e., from 5 to 15 a.u. in the present case), and in this range, R S does not particularly affect the performance. Moreover, when R λ is above this range, the reduction of R S provided increased performance, because it helps the agglomeration of close pixels that are then probably of the same medium. Finally, even if these settings change a little for each dataset, choosing R λ in the range of 10 to 25 a.u. with R S in the range of 10 to 45 pixels provides good performance (above 75%) for all of the datasets, which makes this algorithm easy to use.
Discussion
In this paper, we presented a new media segmentation method called SSM-S and tested it on multispectral photoacoustic images. We have shown its ability to discriminate between fresh and stale tissues of the same medium and also between different concentrations of the same medium. Its results were compared to two state-of-theart methods based on spectral fitting [7] and intra-class correlation [9, 10] .
Compared to them, SSM-S showed interesting performance after processing the same dataset, using the same pre-processing pipeline and carrying out its evaluations on the same ground truth. However, as these methods are supervised discrimination methods, a reference spectrum is computed for each medium, as the mean of its pixel spectra. Moreover, as the resulting maps already contain the desired number of clusters, no post-processing step is needed.
The performances of each method are presented in Table 2 , and their resulting maps are shown in Fig. 10,   Fig. 9 Setting of R S and R λ . Success map for varying R S and R λ with the blood and ink dataset, when the normalization step is included Table 2 Performance of the discriminations for spectral fitting (SF) [7] , intra-class correlation (ICC) [9, 10] , and the spatio-spectral mean-shift (SSM-S) algorithm, considering two evaluation criteria: the percentage of well-clustered pixels (where WCP is the value) and the Dice similarity coefficient (DSC) where it can be seen that SSM-S performs best. Moreover, Table 2 shows that the SSM-S results are the best with all the dataset or the desired discrimination when considering the WCP criterion, which is the most appropriate to use for the targeted applications. For example, after evaluating the three approaches on the liver dataset, the spectral fitting algorithm performs at 95% with the WCP and at 0.91 with the DSC, the intra-class correlation method performs at 76% with the WCP and at 0.63 with the DSC while SSM-S performs at 100% with the WCP, i.e. perfect segmentation, and at 0.87 with the DSC. A smaller DSC value than WCP value is obtained by SSM-S because the DSC computation imposes to associate each pixel to a cluster, rather than allowing to consider some of them as background. Thus, informed by these results, we can say that SSM-S outperforms the other two state-of-the-art approaches with both datasets, whichever discrimination system is considered. Moreover, SSM-S performance exceeds 98% with WCP and is equal or greater than 0.87 with DSC for all the cases, i.e., all the datasets and the desired discrimination. Depending on the type of discrimination that is needed, the normalization step allows to merge pixels belonging to the same medium but with different concentrations. However, the parameters have to be carefully chosen.
First, as the signals back-scattered by a given medium might have different amplitudes due to light attenuation and diffusion, the thresholding step must consider the very low photoacoustic signals at the inclusion boundaries as background in order to avoid misclassification of pixels and local errors. Also, since the light absorption of the media can differ depending on the wavelength used, the background noise can be equal to different percentages of the maximal amplitude of the dataset. However, these problems are overcome by setting an appropriate threshold in the pre-processing pipeline.
Then, two parameters need to be set to run the SSM-S approach. R λ is the parameter that has the greater impact on its results, but, in our experience, its most adapted values range between 10 and 25 a.u. of the photoacoustic Fig. 10 Comparisons. Resulting maps for the two datasets and the different desired applications using spectral fitting (SF) [7] , intra-class correlation (ICC) [9, 10] , and the spatio-spectral mean-shift (SSM-S) algorithm, as indicated signal. Regarding R S , it has a moderate impact on the performance if R λ is well set up. Its optimal value ranges from 10 to 45 pixels, in our experience. Finally, the number of clusters P only depends on the desired discrimination criterion. Thus, finding appropriate settings for these three parameters is rather straightforward.
To conclude, and as previously mentioned in Section 1, the shape and the size of the media to discriminate can make the segmentation difficult because of their impact on the photoacoustic signal. Consequently, further studies could be undertaken on datasets containing inclusions with different shapes and sizes. It could also be interesting to evaluate SSM-S behavior with mixed medium datasets. Finally, further studies could also be carried out using different liver samples with varying wait times in ambient air in order to determine how SSM-S could differentiate them. This might be of particular interest in forensic medicine to estimate the death time of the tissues.
Conclusions
The aim of the SSM-S algorithm is to highlight a medium of interest in an imaged region, such as to define a vascularized region in terms of the blood oxygenation rate, with a view to further quantification studies. The results of this study show that this can be achieved with high performance, even if light attenuation and ultrasonic dispersion are not compensated for in the multispectral photoacoustic dataset, which is the typical use of these kinds of data.
Abbreviations DSC: Dice similarity coefficient; ICC: Intra-class correlation; ROI: Region of interest; SF: Spectral-fitting; SSM-S: Spatio-spectral mean-shift; STM-S: Spatiotemporal mean-shift; WCP: Well-clustered pixels
